Abstract
assimilate the Goddard Chemistry Aerosol Radiation and Transport (GOCART) aerosols in
23
Weather Research and Forecasting model coupled with Chemistry (WRF-CHEM) with its 3D-24 var method (Pagowski et al., 2014; Liu et al., 2011) . In next sections, we describe the method 25 that extends the GSI to assimilate CMAQ aerosols comparing to the OI correction. A comparison 26 for their one-month performances will be discussed. 
Methodology and Settings

29
The baseline model setting used in this study is similar to Tang et al. (2015) , except that the detailed setting of the CMAQ model can be found in Tang et al. (2015) . In order to compare the 36 two assimilation methods, we assimilate same surface PM 2.5 data (USEPA Air Quality System (AQS) data) 4 times every day (00Z, 06Z, 12Z and 18Z). The 18Z assimilation uses additional 1 MODIS AOD data from Terra and Aqua satellites. 
Settings for Data Assimilations
4
In this study, we are comparing two assimilation methods: the optimal interpolation and GSI's 5 3D-Var. The optimal interpolation is carried in the similar way as described in the OI4 case of 6 Tang et al. (2015) for assimilating surface PM 2.5 and aerosol optical depth retrieved from 7 Aqua/Terra MODIS sensors. vector. The relative uncertainty setting is also same as Tang et al. (2015) , in which the is used to adjust above-PBL aerosol after deducting the adjusted below-PBL AOD.
16
The GSI's 3D-var uses a similar approach (Pagowski et al., 2014; Liu et al., 2011) for its cost spatially varied background bias and observation to make the adjustment. However, the OI 23 adjustment is made in each 11×11 grid horizontally and its effect expands up to the PBL height.
24
The GSI's cost function reduction is performed for the whole domain, and its effect of the 25 adjustment can be expanded in much greater horizontal and vertical scales defined by its 26 horizontal and vertical length scales, respectively.
27
In this study, we carry out the similar uncertain setting for the OI as Tang et al. (2015) , in which profiles of background errors and length scales for PM 2.5 (for PM 2.5 assimilation) and 1 accumulation-mode sulfate (ASO4J, for AOD assimilation), which can be calculated using GSI's 2 NMC (National Meteorological Center) method (Parrish and Derber, 1992) . ASO4J is one of is related to the strength of vertical advection, diffusion, and convection. Below PBL, the vertical 10 length scale is usually stronger than that in the upper layers. We use the same constant 11 observation error of 0.1 in GSI for surface PM 2.5 and MODIS AOD. In both settings of GSI and 12 OI, their background errors are far greater than the observation errors in lower altitudes, which 13 push the adjusted values toward the observed surface PM 2.5 . For AOD assimilations, GSI's main 14 increment is also in low altitudes due to its background error profile (Figure 1 ), while OI's AOD 15 assimilation applies one adjusting ratio to whole column for each grid cell. 
Calculations of Aerosol Optical Depths
17
To assimilate AOD in the CMAQ model, we need convert CMAQ aerosol chemical 18 compositions. CMAQ includes two methods for calculating AOD: the Mie method and the 19 reconstruction method (Binkowski and Roselle, 2003 it to AOD adjustment, the additional conversion makes these calculations difficult.
16
In theory, we should use the same forward method, such as RM, to calculate AOD used in GSI. especially over Western USA, e.g. Nevada, MODIS AOD is higher than the three CMAQ AODs.
10
The Mie-method AOD and CRTM AOD are generally lower than MODIS AOD. Only RM 11 method shows some sporadic overestimated AOD over Southern Canada-Wisconsin and
12
Carolinas. These differences will lead to the corresponding differences in data assimilation calculation is slightly different as it is not defined by fixed size bins, but three size modes:
29
Aitken, accumulations and coarse modes (i, j, k modes) (Appel et al., 2010 which is also the effect of AOD assimilation. 
Results and Discussions
8
As the GSI and OI methods assimilate both surface PM 2.5 and AOD, the impacts of these 9 adjustments can be compared. Figure 3 shows the CMAQ raw predictions (referred to as base- 
The Impact of Data Assimilation on Aerosol Mass Concentration
15
Since both PM 2.5 and aerosol AOD represent the concentrations of 54 aerosol species (Table 1) ,
16
to understand the data assimilation method performances, we choose the accumulation-mode or The impacts of AOD assimilations via GSI and OI also differ significantly (Figure 4c, 4d ). The to a decrease in ASO4J (Figure 4d ). The GSI assimilation of AOD tends to be more moderate 36 and smoother. Its increment is almost one order of magnitude smaller than the variation of OI- horizontal distribution, but also on their vertical distribution. GSI has a height-dependent order of magnitude stronger than the corresponding GSI assimilation due to its relatively high 30 uncertainty setting. In term of combined effect at the 2km, for GSI, the AOD assimilation is 31 almost equally important as the surface PM 2.5 assimilation, depending on regions (Figure 6e ).
32
For OI assimilation, the AOD's impact is dominated at the 2km layer as the surface PM 2.5 's 33 effect only appear sporadically (Figure 6f ). 
The Impact of Data Assimilation on AODs
35
The above discussion is about the data assimilations' impacts on one aerosol mass concentration.
36
It is also still needed to assess the impacts on column AODs, as the AOD is used here to make 37 assimilations. Fortunately both CRTM and RM are composition-based methods for externally mixed aerosols, and we can easily calculate the AOD changes due to the changes of aerosol mass 1 concentrations. Figure 7 shows the CRTM AOD changes due to GSI assimilation (left panel),
2
and RM AOD changes due to OI assimilation (right panel). Their spatial distribution patterns are 3 very similar to the corresponding surface ASO4J increments in Figure 4 as most high aerosol 4 loadings are near surface. However, the AOD increment's value range of GSI-PM 2.5 assimilation 5 is more than one order of magnitude lower than that of OI-PM 2.5 . One reason is that the CRTM 6 method yields 2 or 3 times lower AOD than the RM method with same aerosol loading ( Figure   7 2b, 2c). Another reason, or the major reason, is that GSI-PM 2.5 assimilation has much lower 8 increment on total aerosol mass loading, reflected by the magnitude difference between Figure   9 6a and 6b, as the GSI assimilation uses a steepen background error profile (Figure 1 ), makes its 10 major adjustment near surface and yields smaller overall adjustment for total column aerosol 11 mass loading. On the contrary, the OI-PM 2.5 assimilation applies the same adjustment ratio to the 12 aerosol masses below PBL, and the adjustment could be much stronger than that of GSI-PM 2.5 13 assimilation for the elevated layers blow PBL. We can see the similar patterns and differences 14 due to their AOD assimilations (Figure 7c, 7d) . The AOD increments due to GSI-AOD and OI- to the adjustment of OI-PM 2.5 , but reduce the above-PBL aerosol mass to fit the overall AOD 27 reduction and get compromised results over these two regions (Figure 7f ). This conflict-28 resolving process will change the vertical distribution of CMAQ aerosols. Figure 7 shows that 29 the overall AOD increments are mainly due to PM 2.5 assimilation in GSI, and AOD assimilation 30 in OI. The OI adjustments on AOD are much stronger than that of GSI, which is mainly due to 31 their adjustments at the elevated layers. 
The Overall Assimilation Impacts over Longer Periods
33
We continue the CMAQ runs after the 18UTC assimilations. After 1 hour, or at 19UTC, we central Illinois (Figure 8b, 8c) . The overcorrection issue is more evident in the OI run as the 6 adjustment of the OI assimilation is stronger than that of GSI, due to OI's stronger setting for 7 model uncertainties. This strong setting is actually helpful sometimes, for instance, the OI 8 assimilation is strong enough to correct the underpredicting bias over southeastern North
9
Carolina, where GSI's moderate correction only helps reduce that bias. The most evident side 10 effect of the OI's overcorrection is the increase of root mean squared error (RMSE).
11
In this study, we employ 4-cycle per day data assimilations, the MODIS AOD assimilation is 12 only applied at the cycle of 18 UTC for both the GSI and OI. We continue these runs for the 13 whole July 2011. Figure 9 shows the time-series plots of these CMAQ predictions for surface still find several periods when OI yielded the highest R. In term of RMSE, the GSI's RMSE is 31 always lower than that of the base run, and the OI run shows some RMSE spikes (Figure 9c ) due 32 to its localized correction and strong settings.
33 Table 2 shows the corresponding statistics for the whole domain and the certain regions. The Among the regions, the data assimilation yield most significantly improvements over the Pacific
1
Coast and Southeastern USA, where the CMAQ base case has relatively poor correlation 2 coefficients. In all of these regions, the GSI yields overall best correlation coefficient and RMSE, 
Conclusions
20
In this study, we expanded the GSI assimilation to CMAQ 5.1's Aero6 aerosol species. The 4-21 cycle-per-day aerosol data assimilation for surface PM 2.5 and AOD were carried out with GSI
22
and OI (Tang et al., 2015) methods over the CONUS. The results were compared against surface 23 PM 2.5 observation, and shows that both assimilations generally improved the aerosol predictions.
24
The increments resulting from the OI assimilation are spread in 11×11 horizontal grid cells while aerosol mass loadings (Figure 2) . From the existing evidence, the converting factors used in RM 7 AOD may be too high (Roy et al., 2007) , or the RM's one-size-fit-all method may not resolve properties in CRTM and RM, which is obviously an approximate assumption. Liu et al. (2016) 12
shows that SOA's optical properties could be highly varied depending on the chemical species, CTM (Chai, et al., 2016) . All these issue should be addressed in the future studies. 190 191 192 193 194 195 196 197 198 199 
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